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Structural classification vs binarny classification

• binarny classification: y ∈ 0,1

• structural classification: y ∈ Y , Y is structured (sequence,

tree, graph, . . . )

• SSVM - generalization of SVM method on structural output

(T. Joachims et al, 2004)
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SVM

f(x) = 〈x,w〉+ b

y = sgn(f(x))

Minimize

||w||2

2
+

n∑
i=1

ξi

such that yi · f(xi) ≥ 1− ξi for each training example (xi, yi)
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Generalization of SVM on structural output: SSVM

• Goal: for training set (x1,y1), . . . , (xn,yn), find a function

f : X → Y

• Idea: F : X × Y → R

f(x) = argmax
y∈Y

(F (x,y))
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SSVM

• let us assume: F (x,y) = 〈Ψ(x,y),w〉

• function Ψ is joint representation of input data x and output

data y
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SSVM - Margin in structured setting

• We would like coefficients w to be such that 〈Ψ(x,y),w〉 is

highest for correct y
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SSVM formulation of optimization problem

min
w,ξ

1

2
||w||2 +

C

n

n∑
i=1

ξi

subject to ∀i ∈ {1, . . . , n}

∀y ∈ Y : 〈w,Ψ(x1,y1)〉 − 〈w,Ψ(x1,y)〉 ≥∆(y1,y)− ξ1

. . .

∀y ∈ Y : 〈w,Ψ(xn,yn)〉 − 〈w,Ψ(xn,y)〉 ≥∆(yn,y)− ξn

• quadratic optimization with linear constraints

• n|Y | constraints!
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Algorithm 1 Struct SVM learning algorithm (Cutting plane)
1: Wi = ∅
2: repeat

3: for i = 1, . . . n do

4: out of all ŷi ∈ Y , find ŷi that violates constraint i

most (argmax problem: arg maxŷi∈Y (Ψ(xi, ŷi) + ∆(yi, ŷi)))

5: if ŷi violates constraint for more than ε then

6: update set Wi: Wi = Wi ∪ ŷ
7: solve optimization problem with constraints:

∀y ∈W1 : 〈w,Ψ(x1,y1)〉 − 〈w,Ψ(x1,y)〉 ≥∆(y1,y)− ξ1

. . .

∀y ∈Wn : 〈w,Ψ(xn,yn)〉 − 〈w,Ψ(xn,y)〉 ≥∆(yn,y)− ξn

8: until each set Wi is unchanged



Protein function prediction
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Protein function prediction
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Implementation of Ψ function

• input: histogram of tetragrams

• output: sparse 0/1 vector, yi(j) = 1 if protein i contains

node j in its function DAG

• dimension of vector Ψ: total number of tetragrams × total

number of nodes that appear in dataset

Ψ(x,y) = [ 0︸︷︷︸
y1

, . . . , 0︸︷︷︸
ya−1

, x︸︷︷︸
ya
, 0︸︷︷︸
ya+1

. . . , 0︸︷︷︸
yb−1

, x︸︷︷︸
yb

, 0︸︷︷︸
yb+1

, . . . , 0︸︷︷︸
yc−1

, x︸︷︷︸
yc
, 0︸︷︷︸
yc+1

, . . . , 0︸︷︷︸
yk

]
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Algorithm 2 Augmented inference algorithm
1: Input: training instance (xi,yi)

2: Output: ybest that maximizes H(xi,y) over y ∈ Y
3: Initialization: L = {yroot},ybest = ∅, Hbest = −∞
4: repeat

5: yhead := first element from L

6: Yext := all extensions of yhead by one node

7: for each yext ∈ Yext do

8: if i(yext) ≥ imax then

9: continue

10: insert yext in sorted linked list L

11: if H(yext) > Hbest then

12: update ybest, Hbest

13: remove yhead from L

14: increment step

15: until step > smax or L is empty



Parameter imax

• model ontology with Bayesian network:

Pr(T ) =
∏
v∈T

Pr(v|P(v))

• information content of a DAG T

i(T ) = log
1

Pr(T )

=
∑
v∈T

log
1

Pr(v|P(v))
=

∑
v∈T

ia(v)

• information assertion of a node v - rare nodes have high ia(v)

Radivojac,Clark, 2013
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Results - comparison with CAFA
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Results - comparison with CAFA
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Text classification

• hierarchical classification and multiclassification of text cor-

pora in different languages
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Text classification

• each text is represented by ngrams of bytes, n ∈ {2,3,4, . . .}

• input: each position of vector x corresponds to its tf-idf

statistics in the training set

• output in multiclassification: a class from the set {1,2, . . . , N},
where N is total number of classes

• output in hierarchical classification: a path from the root to

the corresponding leaf

16



Results
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Thank you for your attention! Questions?
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